Introduction
In this paper we evaluate the impact of an unusual empirical market microstructure occurrence, namely: the suspension of opening and closing call auctions by the National Stock Exchange of India (NSE) on the 9th June 1999. The main impetus for this study is the research by Camilleri and Green (2009) which yielded contrasting, although highly significant results in terms of volatility changes around this auction suspension. A study of the auction suspension by the NSE presents the noteworthy advantage that it involves a comparison between two regimes which differ only in terms of the presence of the auction. This enables a relatively clear assessment of the impact of the suspension, given that other market features on the exchange remained unchanged.
One main objective in designing trading protocols is to curtail excess volatility. This helps to enhance price discovery by minimizing market movements which push prices away from fundamental values. The efficacy of call auctions in promoting this objective, as compared to continuous trading, is one important issue in the design of trading protocols. In a call auction, orders are batched together and executed simultaneously at a common price at a given point in time. By contrast, in a continuous system, trading may occur at any instant when two orders on the opposite side of the market meet in price. In theory, call auctions provide an efficient mechanism for aggregating diverse information because trading does not take place until price discovery has occurred. In continuous systems, price discovery and trading take place simultaneously implying that trades may occur at "false" prices (Schwartz, 2000) .
If call auctions reduce fluctuations around the fundamental values of securities, this should result in lower volatility during the trading day. It is therefore important to
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3 assess intra-day volatility when considering auction effectiveness. Despite this, the issue of whether call auctions do actually restrain volatility is still unresolved and different studies yield contrasting results. The fact that call auctions may vary in structure makes it difficult to carry out clear-cut comparisons between auctions and continuous trading.
With reference to the empirical context considered in this paper, Camilleri and Green (2009) reported that, following the 1999 auction suspension by the NSE, there was a highly significant drop in intra-day volatility but also significantly higher tendencies for reversals of overnight returns. We delve deeper into this puzzle by applying various tests on data which are sampled at higher frequencies than those used in the previous studies.
We use GARCH models and scrutinise return distributions to evaluate the changes in intra-day volatility following the auction suspension. This is an important aspect of this study since, by focusing on both realised and modelled volatility, one may expect to obtain richer insights (Zhang and Hu; 2013) .
The rest of the paper is structured as follows. Section 2 includes a review of relevant literature, while section 3 describes the empirical context and the data. In section 4, we investigate the impact of the auction suspension through GARCH models. In section 5, we undertake a comparison of return distributions as between the auction period and the post-suspension period. Section 6 concludes.
Review of Literature
There are two trading frameworks which commonly feature in order-driven systems:
call auctions and continuous trading. The latter systems may be combined in a
This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. Despite this, the model proposed by Caillaud and Mezzetti (2004) indicates that there may be limitations in the extent to which call auctions can aggregate information efficiently. In particular, some market participants may use the auction setup to conceal information from other traders, such as giving up profitable trading opportunities in an initial auction, in the hope that the resulting price movements materialise in higher subsequent profits.
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One central issue in the debate between call auctions and continuous trading is the trade-off between information efficiency and immediacy. In particular, periodic auctions lack continuity and therefore reduce the immediacy of trading. In this way, they may also result in higher information costs given that current prices are available less frequently (Madhavan, 1992) . However, the latter arguments are less relevant when call auctions are used at the opening or closing, since trading still occurs continuously for the rest of the day. This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. 
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Exchange (NYSE) and found that call auctions might not be the ideal trading setup for less liquid stocks, given that order imbalances may lead to mispricings.
Other studies have empirically compared auction price characteristics with those of the continuous trading session on a given market (Amihud and Mendelson, 1987; Shastri, Shastri and Sirodom, 1995) . It was found that auction prices were more
volatile; yet this might also be due to the fact that call auctions are most commonly held at the opening and/or closing of the session when volatility tends to be higher than during the rest of the day. The latter argument is corroborated by the empirical study of Ronen (1998) for the Tel-Aviv Stock Exchange: when the auction was moved from the closing to the opening in 1988, no significant differences in opening volatility were discerned. Biais and Pouget (2000) set up experimental markets involving call auctions. They concluded that price discovery may be augmented by organising a pre-opening period prior to the auction without executing any trades. This disseminates a volumemaximising price based on the incoming orders.
Call auctions may impact on intra-day volatility in terms of their prospects for curtailing market manipulation. In the theoretical model of Hillion and Suominen This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. lower intra-day volatility. Yet, the authors also reported significantly higher overnight volatility following suspension, given that reversals of overnight returns became more prominent.
When considered collectively, the above findings imply that the relationship between call auctions and volatility is still an unresolved issue; and therefore this empirical study offers a contribution towards filling this lacuna.
Empirical Setting and Data
The National Stock Exchange of India (NSE) was established in 1994 and is one of two major Indian exchanges. As at May 2013, around 1,600 equities traded on NSE and the volume on a typical day was over 5 million transactions. The NSE is an order-driven market, and offers particular advantages for a study of this kind, due to a This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited.
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auction was treated as a regular one-minute interval, since these returns were typically in a similar range to that of the regular one-minute returns. First-Order
Augmented Dickey-Fuller tests rejected the null hypothesis of a unit root at the 95% confidence level for all log return data.
GARCH Models
In this section we estimate GARCH models using the Nifty Index observations sampled at one-minute frequency to assess whether the auction suspension led to any changes in intra-day volatility. We estimate a different GARCH model for each of the fifteen sampled auction days; and these are compared to a set of estimated GARCH models for the fifteen post-suspension days. We used the Akaike Information Criterion and the Schwarz Bayesian Criterion to select the standard return generating process for the available time series, which comprise the intra-day observations of the 30 sampled trading days. The criteria selected an AR(1) model for over half of the data sets. An AR(1) was therefore adopted as the standard return generation process for each GARCH model which was estimated using the time series for the particular day.
LM heteroskedasticity tests (Engle; 1982) rejected the Null Hypothesis of no ARCH effects at the 95% level of confidence for around 50% of the data sets. Tests on the degree of asymmetry in conditional volatility indicated that it was not necessary to account for this feature.
[1]
We now proceed with the estimation of the GARCH models. In line with Andersen and Bollerslev (1997) we chose a GARCH (1,1) specification since this usually provides acceptable estimates:
where ht denotes the conditional variance which depends on past information, εt 2 is the unexpected squared return observed during period t, and ω, α, β are parameters.
[2]
In order to obtain estimates which more accurately model intra-day volatility, and to maximise the chances of obtaining estimates for each sampled trading day, we estimated two different GARCH models on the one-minute observations of the Nifty Index. The first model assumed that the conditional distribution of the errors was normal whilst the second model assumed that it followed a student-t distribution. In the former case, three out of thirty estimates failed to converge, whilst in the latter case, ten estimates did not converge. This suggests that the volatility patterns which transpired during the latter trading days, were somewhat dissimilar from the characteristics which are usually captured through GARCH models. A number of estimates were omitted due to any one of the following features: a) A Wald Test failed to reject the Null Hypothesis that (α + β) = 1, since this violates the required stationarity condition of GARCH models.
b) The estimated coefficient for the lagged conditional variance was negative and highly significant since such an estimate does not make sense (Engle; 2001).
c) The R 2 statistic was negative indicating very poor explanatory power.
Following these omissions, we used the Akaike Information Criterion to select the preferred model for each trading day: the normal distribution model or the tdistribution in those cases where both were still available. This resulted in 23 GARCH models available for analysis, each replicating the characteristics of the 
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volatility of the NIFTY Index observations sampled at one-minute intervals for the respective trading day. Thirteen of these models relate to trading days from the auction period whilst ten estimates model trading days from the suspension period (Tables 1 and 2 ).
The GARCH (1,1) estimates show that the AR(1) coefficient of the return equation is significant. Despite that this is inconsistent with weak-form efficiency (Fama, 1970) , some degree of serial dependence may be expected in high-frequency data, where returns are affected by factors such as non-synchronous trading and the bid-ask bounce. As regards the conditional variance equation, most of the α and β are significant, and Wald tests reject the null hypothesis that α + β = 0. We thus infer that lagged errors and shocks have a significant effect on conditional volatility. Tables 1 and 2 about here   ___________________________________________________________________ We now turn to the interpretation of the GARCH coefficients. According to Franses and Van Dijk (2000) , the unconditional mean of εt 2 or the unconditional variance of εt is equal to:
___________________________________________________________________
Volatility is expected to converge to this value over the long-term. α and β are the ARMA components of the conditional variance i.e. the unexpected lagged squared return and the lagged conditional variance. These may be interpreted as temporary deviations around the unconditional variance which depend on past information. 
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Most of these coefficients, especially those relating to β, are significant and we may thus conclude that there is a substantial degree of persistence in the Nifty index. Table 3 shows the results of t-tests on the GARCH model coefficients to examine any differences between the auction period and the suspension period. The reduction in α was significant at the 90% level of confidence, yet this did not lead to any significant difference in the combined GARCH coefficients (α + β). Still, the results indicate an overall highly significant drop in the unconditional variance of εt as shown in the last column. Table 3 about here ___________________________________________________________________
___________________________________________________________________

Scrutinising Return Distributions
In the case of high-frequency data, realized volatility may prove to be a superior measure than modelled volatility (Dacorogna, et. al., 2001, pp. 44 ) and in addition one may expect to garner richer insights when using both approaches (Zhang and Hu, 2013) . We thus consider changes in the intra-day realised return distributions, and test whether the initial volatility consists of over-reactions or noise.
For each of the 30 sampled trading days, we first split the one-minute returns into opening (comprising the first 40 observations), closing (comprising the final 40 observations) and middle of the day (remaining observations). In testing for the differences in volatility during these sections of the day, we used two volatility proxies: the Mean Squared Returns and the Return Standard Deviations for the particular intra-day period. Two-tailed paired sample t-tests (Table 4 ) rejected the hypotheses of no difference between the returns across the trading day at the 95% This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. (Table 5 ) indicate an increase in opening volatility following suspension. This is in contrast to the middle-of-the-day and the closing distributions which suggest lower volatility following suspension. As regards the kurtosis for the whole 30 days, the opening returns tend to be the most peak-shaped, hinting that whilst the opening is more volatile, it is also characterised by a number of returns which are close to zero. Log return plots confirm that the opening is characterised by a large return taking place within the first fifteen minutes, followed by smaller returns. Such patterns suggest that prices initially fluctuate in response to overnight news, and subsequent movements depend on temporary liquidity features. If the large return is not subsequently reversed, this suggests that most of the initial price discovery occurs within one or two minutes. However, if the large return is then reversed or partially reversed, this might imply that the initial volatility is more nearly noise or over-reaction.
We therefore start by distinguishing between reinforcements and reversals of initial returns. When the direction of the return for the first fifteen minutes is the same as that of the return for the rest of the day, the sequence is classified as a reinforcement. When the initial fifteen-minute return changes direction during the rest of the day, the sequence is classified as a reversal. A note on possible
limitations of this methodology is warranted. The test may be biased in favour of
This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. Results shown in Table 6 indicate that reversals are more prominent than reinforcements.
[3] The fact that reversals are more evident in the auction period suggests that the higher initial volatility in the suspension period (Table 5) should be interpreted with caution, since there seemes to be a higher probabilty that the larger price movements of the suspension period were in fact justified. This evidence is in line with the findings of Camilleri and Green (2009) that the NSE auction suspension was followed by higher efficiency and lower intra-day volatility. The latter study focussed on a longer 120-trading day period, and therefore provides some reassurance that the new intra-day results reported in this paper are not samplespecific.
___________________________________________________________________ Table 6 about here ___________________________________________________________________
Conclusion
We evaluated the changes in intra-day volatility following the suspension of opening and closing call auctions on the NSE. GARCH models estimated on intra-day data point at a significant drop in the response of the conditional variance to lagged shocks, as well as a highly significant drop in the unconditional variance following the This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. 
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suspension. We also considered one-minute return distributions and found that the suspension period is characterised by lower volatility in the middle-of-the-day and the closing. The opening volatility increased following the suspension, yet the auction period is characterised by higher incidence of reversals of opening returns suggesting that there is a higher possibility of unjustified opening volatility during the auction period. Collectively these results cast doubt on whether any expected benefits of call auctions were in fact materialising, since NSE witnessed an overall drop in intra-day volatility following the auction suspension. When compared to the prior mixed findings of Camilleri and Green (2009), the above results offer a more detailed assessment and contribute towards a clearer insight of the volatility changes, which took place following the NSE auction suspension.
The above evidence might not serve as a case for the universal suspension of call
auctions; yet it is useful from the point of view of market designers who should not rely on auctions as a carte blanche for lower volatility and higher efficiency. Thought has to be given to the actual design of auctions, as auctions can be used to mislead traders (Biais, Hillion and Spatt, 1999) and to manipulate stock prices (ComertonForde and Rydge, 2006) . The efficiency of the price discovery process at the opening might depend on whether participants may submit multiple orders and whether orders may be withdrawn before the opening (Chakraborty, Pagano and Schwartz, 2012) . Similarly, pre-trade transparency may impact on market quality in a non-linear way (Eom, Ok and Park, 2007) . There is also a possibility that auctions might not attract sufficient trading activity which may compromise their efficacy when order imbalances prevail (Madhavan and Panchapagesan, 2000) .
This suggests that more research is required to investigate the interaction of call auctions with other market microstructure features and why their expected benefits
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Tables: The first column shows the trading day in the auction period (A) or the suspension period (S), whilst the letter "t" or "n" indicates whether the conditional distribution for the error terms was assumed to be normal (n) or student-t (t). Log returns were modelled as an AR (1) process, where φ refers to the intercept and ρ is the estimated coefficient of the lagged return. T-ratios are shown in brackets underneath the coefficients and significance at the 99%, 95% and 90% confidence levels is denoted by ***, ** and * respectively. R 2 shows the explanatory power of the regression. The coefficients of the GARCH process are ω (the intercept), α (lagged error term) and β (lagged conditional variance). The final column shows the results for the Wald Tests on the GARCH process. The null hypothesis of the first test is that α=0 and β=0. The test is χ 2 (2) distributed with a 95% critical value of 5.991. The result for the second Wald test is shown in braces underneath. The null hypothesis is that α+β=1 and the test is χ 2 (1) distributed with a 95% critical value of 3.841. When the null hypothesis was not rejected, the particular model was discarded (therefore not reported in the table).
This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. Refer to explanatory note in Table 1 .
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While the reduction in α is only significant at the 90% level of confidence when considering a one-tailed test, and the increase in β is insignificant, we note an overall highly significant drop in the unconditional variance of εt as measured by [ω / (1-α-β)].
For each coefficient, the reported t-tests assumed equal variances for the auction and the suspension periods. T-tests assuming unequal variances were also conducted. The latter tests led to the same inferences, except that the reduction in ω becomes significant at the 90% level of confidence, when considering a one-tailed test.
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The table shows the outcomes of two-tailed paired sample t-tests on the differences in volatility during the opening, middle-of-the-day and closing periods. Panel A shows the outcomes of tests on Mean Squared Returns as a volatility proxy. Panel B shows the outcomes of tests on Return Standard Deviations as a volatility proxy. The null hypothesis of no difference between the respective volatility proxies during the different periods of the day is uniformly rejected at the 95% level of confidence.
This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited. This article is © Emerald Group Publishing and permission has been granted for this version to appear on www.um.edu.mt. Emerald does not grant permission for this article to be further copied/distributed or hosted elsewhere without the express permission from Emerald Group Publishing Limited.
Camilleri,S.J. (2015) "Do call auctions curtail price volatility? Evidence from the National Stock Exchange of India", Managerial Finance, 41 (1), pp. 67 -79. The table shows intra-day returns for the 15 trading days in the auction period (A) and the 15 trading days in the suspension period (S). The returns columns show the % changes in the index level from the opening to 10:15, from 10:15 till 12:30, and from 10:15 till the end of the day. When the direction of the opening return is the same as that of the subsequent return, the sequence is classified as a reinforcement (RF). When the opening return changes direction during the rest of the day, the sequence is classified as a reversal (RV).
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Dummy variables were also included in GARCH models to account for higher volatility at the opening and at the close, yet these estimations tended not to converge.
